ABSTRACT This paper presents a risk-based management framework for transmission lines equipped with a dynamic thermal rating system. In this framework, future wind speed values required for calculating conductor temperature are forecasted using the auto-regressive moving-average model. The dynamic thermal model used in this paper is based on the IEEE 738 standard. The forecasted conductor temperature is used to determine the associated conductor loss of tensile strength, i.e., the annealing degree of the conductor, on the basis of the Harvey model. A cost profile is also provided for tensile strength lost. Simultaneously, temperature and conductor age are used to predict the failure probability of the conductor using the Arrhenius-Weibull model. Finally, the product of the economics of conductor annealing and conductor failure probability provides the risk value, which can be compared with the admissible risk. The results show that risk can be mitigated by reducing either conductor temperature or the applied duration of the conductor. Moreover, a desirable forecast of wind speed values also poses less risk and vice versa. The sensitivity analyses show that the considerations taken during the formulation of the framework are reasonable and they only affect the numerical results, thereby indicating that the proposed framework is robust against various operating conditions of the parameters considered in the framework.
I. INTRODUCTION
Electrical power networks in the transmission and distribution levels constantly face new demands to continuously evolve to stay relevant, resilient and reliable [1] . Such evolution constitutes and falls under the popular paradigm of smart grids, where existing power systems will be enhanced with various innovative technologies that encompass all engineering disciplines. The aim of such development is to transform existing power networks into intelligent systems that can match various types of growing energy demands [2] , such as electric vehicles and renewable energy sources; ultimately, the smart grid paradigm seeks to increase the social welfare
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Considering the aforementioned reasons, the future investments and strategies of power systems will be primarily driven by the changing scenarios of smart grids [3] ; one of the cost-effective and sustainable approaches to meet these scenarios is to develop strategies that can maximize the capacity usage of existing underutilized components. That is, the thermal ratings of power assets should be dynamically determined instead of being fixed at low conservative values to unleash and reap their true potential and investment values.
Amongst power assets, transmission lines [4] have elicited the interest of researchers and practitioners in applying the dynamic thermal rating (DTR) due to their high replacement costs and the uprating benefits offered by the DTR system, such as higher power delivery [5] , greater flexibility during load shedding [6] and overall enhanced reliability. Moreover, the widespread application of the DTR system is also due to the outdated line static thermal ratings (STRs), which are artificially suppressed and fixed on the basis of the conservative assumptions of line operating environments.
By contrast, the DTR system makes none of the aforementioned assumptions, and relevant environmental conditions are instead periodically obtained to calculate line ratings. Given this feature, the DTR has been proven to be 10% to 30% higher than the STR most of the time and can be as high as 50% under desirable weather conditions [7] . Consequently, higher untapped power transfer capability of many transmission lines can be unlocked, thereby potentially saving millions of investment costs for new lines, delaying the necessity to erect new transmission towers until a suitable time and solving the problem of space limitations required to undertake such constructions. Unsurprisingly, the concept of the DTR system for transmission lines has been well studied, established and standardized in IEEE 738 [8] given the considerable evidence that highlights the inadequacy of the STR [4] , [9] . The continuous improvement of sensor technology over the years, which has made the data gathering process for DTR calculations extremely convenient, has boosted the popularity of the DTR system even further, such that it is currently recognized as one of the staple technologies for future transmission networks [10] . Nonetheless, the implementation of the DTR system is exposed to intrinsic randomness due to the uncertainty of physical line parameters and collected environmental conditions [11] . Therefore, a probabilistic framework, variable forecast uncertainty and risk assessments must be considered in future DTR system applications.
Considering these requirements, several studies on the DTR system have focused on transmission lines and networks. The DTR systems used in the US and the UK were compared and discussed in [12] . This study pointed out that the US and UK systems differed in their wind and uncertainty models; thus, they should be combined in a weather-based DTR solution. The reliability impacts of the DTR system on power systems were examined in [13] , [14] . The two studies investigated the effects of line rating forecast uncertainty, weather correlation and various DTR system reliabilities on the integration of wind power and the expected value of demand loss. The reliability modeling of the DTR system was covered in [15] , [16] . These studies presented similar DTR system models based on the Markov model and event tree analysis, respectively. However, [15] used annual equivalent fuzzy DTR numbers to represent hourly line rating variations, whereas [16] used a multilinear regression model to forecast line ratings by considering forecasting errors. The identification of transmission line critical spans and the subsequent optimal placements of DTR sensors were addressed in [17] , [18] . The algorithm in [18] selected critical spans based on the correlation of actual and estimated line ratings due to limited sensor deployments based on cost constraint. This algorithm was extended in [17] by incorporating conductor tensile strength and elongation behavior as a result of uneven tensioning and various permitted line sagging allowances. In a two-part paper, the faster ageing implication of higher line ratings for transmission network reliability due to the DTR system was initially studied in [19] , followed by the fuzzification of the proposed ageing model with an in-depth study on the fuzzy version of the model [11] . Hybrids of the DTR system with other smart grid technologies were also previously explored in a number of studies. In [5] , [20] , optimization algorithms were used to optimize wind power integration and power network reliability by considering the DTR system and reactive power support provided by flexible AC transmission system devices. The relationship of the demand-side management [21] , [22] and the DTR system was modeled and their joint impact on power system reliability was quantified in [6] . The wireless communication aspect of the DTR system was considered in a study that modeled the cyber and power network layers in a single reliability framework [23] . The effect of energy storage [24] , [25] on the reliability support provided by the DTR system was investigated, and the two technologies were found to complement each other [26] .
Despite abundant studies on the DTR system, no study has ever modeled the risk of using the system by considering probabilistic line failure due to elevated operating temperatures and the economics of subsequent accelerated line failures caused by higher ratings. The combination of the two factors with a weather forecasting algorithm presents an opportunity to develop a risk-based management framework for DTR-enhanced lines, which is useful in aiding utility operators in making well-informed planning decisions. This opportunity is seized in the current study via a proposed framework, followed by various results to highlight its features. The procedure includes the probabilistic estimation of line temperatures obtained from the line loading and environmental conditions forecasted through the auto-regressive moving-average (ARMA) model. The line temperature and age information are translated into risk, which is composed of the line failure probability derived from the Arrhenius-Weibull model and the economic implications of excessive elevated conductor temperature, known as line annealing derived from the Harvey model. When the total risk is higher than the admissible risk, the conductor temperature or the applied duration of the temperature is limited, such that an arbitrary risk level is maintained to favor either line ageing rate or power delivery. The presented risk also has an intuitive physical meaning, and therefore, can be used easily by non-experts. Lastly, the major contributions of this study are summarized as follows:
• The formulation of a risk-based line management framework for the operation of transmission lines enhanced with the DTR system;
• The proposal of a solution for the risk-based management framework using the probabilistic forecast of weather conditions, line failure probability, conductor VOLUME 7, 2019 FIGURE 1. Proposed risk-based management methodology for transmission lines.
tensile strength and the overhead line dynamic thermal model;
• The demonstration of the proposed framework in managing a real conductor using real-life practical data.
II. RISK-BASED MANGEMENT METHODOLOGY
The procedure of the proposed risk-based management methodology for transmission lines is illustrated in Fig. 1 . The process starts by identifying the loading condition of a transmission line. In practice, the required loading can be determined by performing load-flow calculation on the power network where the line is located using a load profile forecasted with various techniques [27] . However, this step is unnecessary in this study because only the loading value of the line is required to execute the proposed methodology. Then, conductor temperature is forecasted on the basis of the dynamic thermal model of the line (see Section II.A). Simultaneously, the weather parameters required as inputs to the dynamic thermal model are forecasted based on the ARMA model (see Section II.B).
Consequently, the forecasted conductor temperature is used to determine the percentage loss of tensile strength (LoTS) of the conductor based on the Harvey model (see Section II.C) depending on the applied duration of conductor temperature and the limit imposed on the forecasted conductor temperature. This forecasted loss can be subsequently used to determine the economic value of strength loss. Simultaneously, the forecasted conductor temperature is used to forecast line failure probability due to line operation at excessive temperatures based on the Arrhenius-Weibull model (see Section II.D). Notably, line loading duration and conductor temperature limit are operating factors used by transmission line owners to adjust the risk level that they are exposed to. The risk effects of the combination of these factors are explored in the result section.
At this point, the forecasted risk of the line operation, R total , is calculated using the product of the line failure probability and the economic value of strength loss. This calculation is justified by the definition of risk coined in [28] , which states that an event risk is the product of the likelihood of the event occurring and its impact. Then, R total is compared with the admissible risk R * . If R total < R * , then the conductor temperature and its applied durations are deemed safe and can be maintained. Otherwise, the operating condition is considered risky and either the conductor temperature or its applied duration should be reduced until a safe condition is achieved.
The aforementioned description identifies four major sub-models incorporated into the proposed risk-based line management methodology: the dynamic thermal model based on IEEE 738, the ARMA weather forecasting model, the Harvey line annealing model and the Arrhenius-Weibull line failure model. These models are described in detail in the following subsections. They are illustrated as dotted boxes in Fig. 1 .
A. DYNAMIC THERMAL MODEL FOR TRANSMISSION LINES
The dynamic thermal model for transmission lines used in this study follows the description provided in IEEE 738 [8] , which has the following governing equation:
where q c is the convection heat loss calculated as a function of the conductor temperature θ ( • ), ambient temperature T a , wind speed v w and incident wind angle to the conductor ϕ; q r is the radiated heat loss calculated as a function of θ and T a ; q s is the solar radiation heat gain and I 2 R(θ ) is the joule heat gain resulting from line conductivity. In the joule heat gain portion, I denotes the current loading of the line in ampere, and R(θ ) is the conductor resistance as a function of θ . In detail, convection heat loss is q c = max(q 1 c , q 2 c ) when wind speed is not zero, such that
where ρ f , µ f and k f are the density, dynamic viscosity and thermal conductivity of air, respectively, and
However, if wind speed is zero, then q c is calculated as
The radiated heat loss q r is calculated as follows:
where D and ε are the conductor diameter and emissivity, respectively. The solar radiation heat gain q s is calculated as follows:
where λ is the solar absorptivity; q se is the elevated total solar and sky radiated heat flux rate; H c , Z c and Z l are the solar altitude, solar azimuth and line azimuth, respectively (their derivations are given in IEEE 738), and A is the projected conductor area per unit length.
In the joule heat gain portion of (1), R (θ ) is further expanded as follows:
where R MDT and R min are the conductor resistance at the maximum designed temperature (MDT) T MDT and minimum operational temperature T min , respectively. On the basis of (1) and its expansion from (1a)-(1f), back-calculating the conductor temperature θ by rearranging (1) such that the variable θ appears only on one side of the equation is difficult due to the complex relationships and nonlinearity characteristics amongst (1a) to (1e). Hence, instead of rearrangement, this study iteratively guesses the value of θ until the error between both sides of (1) is less than 1% by initializing the guessing process with θ = T min . The justification is that if both sides of (1) are equal, then the parameters have balanced out and the guessed value of θ is therefore correct. This approach is built on a concept similar to that of the Newton-Raphson and Gauss-Seidel methods except for the requirement to differentiate the equation. At each iteration, the next value of θ is increased by 0.1 as long as the percentage error is still higher than 1%. The described iteration process is shown in Fig. 2 .
The required weather conditions for calculating conductor temperature θ are forecasted on the basis of the weather forecasting model described in the next section.
B. WEATHER FORECASTING MODEL
Given the typical long length of transmission lines that covers multiple areas, the line investigated in this study spans across multiple weather regions to reflect the aforementioned condition. The weather conditions within each weather region are also considered reasonably stable and do not fluctuate.
In addition, the air temperature value is fairly constant over vast geographical areas and is typically easily accessible from the local meteorological centre. Solar radiation exerts relatively slight impacts on line rating values, and thus, the assumptions provided in IEEE 738 can be used [29] . Given these considerations, only wind speed and wind angle should be forecasted to predict future conductor temperature, and subsequently, line operation risk. In analyzing wind behavior, only wind speed values display an observable trend, whereas wind angle is generally random, and therefore, is most suitable to be modeled by uniform distribution [16] . The forecasting of wind angle values is performed through uniform random sampling between 0 • and 90 • . Wind speed values have been established to propagate over time and are influenced by their past values. This type of time-series data is best described using the ARMA model [30] . The key feature of the ARMA model is the retention of the original data propagation pattern whilst allowing a degree of randomness during forecasting. This process is achieved by always including a certain number of significant past forecasted values and random coefficients in the model. This unique feature crucially mimics the actual behavior of wind speed, such that its future values are unlikely to be the same as its past values, although their propagation pattern is cyclical, and therefore, is repeatable. The portion of the ARMA model with the past forecasted values models the pattern retention feature, whereas the random coefficients account for randomness during forecasting. Mathematically, the ARMA model in each weather region is described in (2) and is obtained by following the process presented in [30] .
where α i (i = 1, 2, · · · , n) and β j (j = 1, 2, . . . , m) are the auto-regressive and moving average constants; and e t is the normal white noise coefficient, which is normally and independently distributed, such that it has a zero mean and σ 2 variance. Equation (2) shows that the value y t in a future time t from a sample that contains allyis dependent on its past observed values y t−i (i = 1, 2, . . . , n) and past random coefficient e t−j (j = 1, 2, . . . , m). In our case, y t denotes wind speed, and the random sampling of e t values accounts for randomness during wind speed forecast.
The random white noise e t is also sampled by considering the correlation of the historical wind speed amongst the weather regions to ensure that the correlation effect is retained in the forecasted wind speed values. To perform sampling, the univariate normal distributions of e t in all the weather regions are combined to form the following multivariate normal distribution:
where p is the number of ARMA models; µ is a zero vector because it is the mean random value of the ARMA models and all the models have zero mean; is the covariance matrix of all the ARMA models based on which all e t values are sampled concurrently. The outcome of (3) is a vector of correlated e t values for all the ARMA models, and by simultaneously using (2) and (3), the forecasted wind speed values retain the correlations of their sampled historical data.
The random sampling of white noise e t causes the forecasted wind speed to vary each time and its forecast has a direct implication for the final predicted operation risk of the transmission line. To obtain the average forecast for a particular hour in the future, wind speed values are forecasted multiple times until their coefficient of variation converges to a certain value, similar to the Monte Carlo process [31] . In this study, convergence is accepted when the coefficient is less than 3%. Lastly, the slowest forecasted wind speed amongst all the weather regions is selected to be the applicable wind speed for the entire transmission line.
C. CONDUCTOR LOTS MODEL
The basic components of transmission lines are conductors and shield wires. Depending on the operating environment of lines, these components are exposed to various external loadings, such as high winds, large variations in temperature (both the environment and the conductor) and heavy icing. All these factors vary depending on the line route. In this regard, the lack of coordination in managing conductor strength and its loading may lead to excessive internal stress, thereby damaging the conductor beyond its failure limit [32] . The effects of this limit include permanent deformation, excessive line sagging or creeping and birdcaging. Eliminating these unwanted damages is not only difficult, but also costly and time-consuming. If left unchecked, the cascading of these effects can lead to more severe consequences, such as tower collapse and long-term power outages. This failure limit is also known as the ultimate tensile strength of conductors.
Amongst various types of conductors, the aluminium conductor-steel reinforced (ACSR) type is presently used worldwide in high-voltage transmission lines due to technical and economic reasons. Hence, the derivation of the conductor loss of the tensile strength model in this study is based only on ACSR. The typical physical and constructional properties of several ACSR variants are provided in Table 1 [33]. [34] specifies that the tensile strength of an ACSR should be defined as the maximum load per unit of the cross-sectional area that a tensioned conductor has received when tested to rupture. From this specification, the LoTS of an ACSR conductor, expressed in percentage and given by the Harvey annealing model is as follows:
such that
In (4a), RS is the remaining strength of the ACSR in percentage; RS al is the remaining strength of the ACSR aluminium strand and STR al , STR st and STR T are the rated strength of the aluminium strand, steel strand and total conductor, respectively. In (4b), α = (134 − 0.24θ ), β = (0.241 − 0.00254θ )/d al and t is the number of hours that the conductor sustains at θ. In (4c) and (4d), η al , η st , d al and d st are the number and diameter of aluminium and steel strands per ACSR provided in Table 1 ;S al is the aluminium average breaking stress given in Table 2 [35], whereas S 1% st is the equivalent for steel but at 1% extension given in Table 3 [36] and k al and k st are the reduction factors equal to either 0.96, 0.93, 0.91 or 0.90 depending on 1, 2, 3 or 4 aluminium or steel layers, respectively [37] .
Notably, (4) determines the LoTS of the ACSR conductor by considering conductor operating temperature θ , which is obtained from the dynamic thermal model described earlier in Section II.A. From the LoTS, the economics cost of conductor LoTS is determined by considering the length L (in m) of the transmission line on which the conductor is used, the line weight-to-length ratio w:L (kg/m) and cost-to-weight ratio c:w (USD/kg), as follows:
D. LINE FAILURE PROBABILITY MODEL
The probability of line failure is determined by considering conductor operating temperature θ and the age of the line, which is the number of years that the line has been operating. Given that the operating temperature is also the conductor thermal stress, the Arrhenius life stress model is particularly well-suited to model the impacts of conductor temperature on the remaining life of the conductor [38] - [40] . The following is the mathematical expression of the Arrhenius model:
where L (θ ) is the quantifiable average life measure, and A and B are empirical constants that are typically estimated from the line historical loading and failure data. Although (6) relates conductor operating temperature θ to the average life of the conductor, using only this equation disregards the effects of the age of the line, and as previously shown, the age of power system components exerts a significant effect on the failure probability of a component [41] . Hence, an ageing model should be combined with the stress model in (6) to form a complete line failure probability model that accounts for thermal stress and line age. In accordance with the ageing model presented in [42] , given that a transmission line has survived up to time T , VOLUME 7, 2019 the unavailability U of the line in a future time t should be determined by considering all the past events that the line had experienced. The ageing failure probability between T and (T + t) is known as the 'a posteriori', which can be estimated using the discretization method provided in [41] , by dividing the period into k equal subintervals. Then, line unavailability U is calculated as follows:
where P j is the ageing failure probability, UD j is the average failure duration in each j th interval, t is the subinterval length and f (t) is the choice of the probability distribution function (PDF) used to characterize the distribution of ageing failure.
Given that the Arrhenius model in (6) provides only one life measure output, the PDF choice for 7(a) should also have only one life parameter. Similar studies that attempted to solve this dilemma in modeling the failures of a cable [43] and a power transformer [44] chose the Weibull distribution. Apart from the aforementioned characteristic, the Weibull distribution is also suitable because of its ability to model the increasing failure rate of components as their stress and age increase over time. In this regard, the Weibull distribution is also selected as f (t) in this study and is described as follows:
where α is the scale parameter, also known as the characteristic life, which is equivalent to the quantifiable average life measure L (θ ) in (6) . β is the shape parameter for adjusting the slope of the function, thereby affecting the magnitude of failure probability for a given line age. Notably, when β > 1, the line is deemed to have entered the ageing period of the bathtub curve and the failure rate of the line will increase exponentially with the age of the line [42] , and t = α signifies a 63.2% chance that the line will fail. When (6) and (8) align in terms of life measure, such that α = L(θ ), the following modified Weibull PDF is obtained:
Equation (9) successfully captures conductor thermal stress due to its operating temperature θ and age profile. Then, (7), (7a) and (7b) can be calculated accordingly to obtain the line's final unavailability by using f (t) in (9).
Furthermore, the integration in (7a) can be avoided by using the following polynomial approximation provided in [41] :
where α = A exp B (θ + 273) . Notably, (10) requires knowing the values of A and B before it can be applied. As mentioned earlier, these values are typically estimated from line historical loading and failure record. However, this information is generally unavailable in the literature, and therefore, is difficult to obtain. Hence, their values A = 32 and B = 158, which were estimated based on a series of assumptions in [19] , are used in this study. Although this condition is not ideal, it is necessary. The values will only affect the numerical results of the risk assessment presented in this study. If the necessary data are available in the future, then the proposed risk management framework can work equally well with the new values of A and B. The numerical results will also change with the new values. Lastly, the shape parameter β = 3 is obtained by converting the transmission line average and standard deviation data [45] , [46] using the techniques presented in [47] .
III. RESULTS AND DISCUSSIONS
This section presents the numerical results of the proposed methodology described in Section II by using a Drake conductor as an example. Apart from the properties of the conductor provided in Tables 1, 2 and 3, we also consider its use on a 75 km transmission line that has been operating for 50 years, with a weight-to-length ratio w:L of 1.6266 kg/m [48] and a cost-to-weight ratio c:w of USD1.86/kg [49] . Given these values, the cost of an absolute conductor annealing, i.e. the cost of 100% conductor annealing, is approximately USD227 K based on (5). The transmission line covers 25 weather regions, and the historical wind speed data of these regions are obtained from the British Atmospheric Data Centre (BADC) [50] website from 1991 to 2016. The entire historical wind speed data are used to forecast the wind speed values of the 1stand 5th future hours in accordance with the weather forecasting model described in Section II.B. The forecasted weather data are used to back-calculate the conductor temperature θ in accordance with the dynamic thermal model presented in Section II.A. The maximum line loading is arbitrarily set at 3500 A. The conductor temperature θ is subsequently used to determine the conductor LoTS, its economic value and line failure probability, as given in Sections II.C and II.D, respectively.
A. FORECASTING TRANSMISSION LINE OPERATIONAL RISK
On the basis of the average wind speed values forecasted at the 1st and 5th future hours, the proposed risk management framework was applied to a Drake conductor by limiting its temperature to 100 • C. This ceiling value is then incrementally increased by 5 • C until 200 • C. In addition, the operation duration of the conductor at a particular temperature is also varied from 1 h to 5 h. Given these settings, the LoTS, economic cost of LoTS and operational risk value of the conductor obtained based on the wind speed forecasted at the 1st and 5th future hours are shown in Figs. 3(a)-3(f) and indicated by solid lines. In all the figures, the dotted horizontal lines represent the values without implementing our proposed risk management framework. Moreover, the corresponding line failure probabilities are shown in Table 4 . Expectedly, the line failure probabilities for both forecasts increase as conductor temperature limit is raised from 100 • C to 200 • C. Furthermore, the probabilities at the 1st hour forecast are lower than those at the 5th hour forecast. This result indicates that the conductor temperature forecasted at the earlier hour is lower than that forecasted at the later hour. Interestingly, Table 4 shows that the line failure probability at the 5th hour is increasingly higher than the failure probability at the 1st hour by approximately 3%, 7%, 11%, 16% and 20%, as conductor temperature limit is increased. This result indicates that the greater cooling effect provided by the higher forecasted wind speed at the 1st hour has managed to suppress conductor heating and lead to lower line failure probability.
In general, Figs. 3(a)-3(f) show that the LoTS, economic costs and risk values experienced by the conductor are considerably lower than those of the unmanaged case when the proposed risk management method is implemented. In Figs. 3(a) and 3(d) , the Drake conductor only starts to experience annealing when conductor temperature limit is raised by 45 • C above 100 • C given the 1 h duration of sustaining conductor temperature. However, the percentage of LoTS increases significantly and the conductor starts to experience annealing at an operating temperature limit of 100 • C when the operating duration is increased to 2 h and beyond although the operating temperature remains the same. This behavior is also observed in economic costs and risk values in all the remaining figures. The aforementioned observation indicates that the performance of a conductor will generally be negatively impacted when either its operating temperature, duration or both are increased. Hence, this method also provides an opportunity for transmission line operators to control their operation risk by manipulating the two factors. Notably, the deterioration of performance in all the figures is most significant when the operation duration increases from 1 h to 2 h. However, this effect gradually subsides as operation duration approaches 5 h. This result indicates that transmission lines operating at long hours require a more drastic contingency plan to reduce their operation risks, such as further reducing conductor temperature or the applied duration of the temperature.
The major difference between the two sets of figures, Figs. 3(a)-3(c) compared with Figs. 3(d)-3(f) , is that the conductor performs considerably better in terms of lower LoTS, economic costs and risk values using the wind speeds forecasted at the 1st than the 5th future hours. For example, the maximum risk value of Fig. 3(c) is only approximately USD1, 600 compared with that of Fig. 3(f) of approximately USD16, 000, which is 10 times higher. The reason for this result is that the wind speeds forecasted at the 5th hour tend to be lower than those forecasted at the 1st hour, thereby resulting in less conductor cooling, higher conductor temperature that leads to higher risk and eventually, overall worse performance in the second set of figures. However, Figs. 3(d)-3(f) can also possibly provide overall lower and more desirable forecasted performance than Figs. 3(a)-3(c) if other hours with higher forecasted wind speeds are used. Therefore, this result shows that the worse performance is due to the lower forecasted wind speed and not because of the longer forecasting period. The same reason can also be used to explain the lower forecasted probability values at the 1st hour than at the 5th hour in Table 4 .
Notice that the proposed risk framework in this paper is only concerned with the annealing experienced by the line, subsequently providing cost values to the annealing sustained by the line. The permissible line sagging is not considered as this deals with the safety and security issue, which requires an entirely different study that extends beyond the scope of this paper. If appropriate line sagging models and information on ground clearance of the line are available, they can be used to further limit the maximum temperature of the conductor so that the ground clearance limit is not infringed. Choosing the final operating temperature of the line based on the process in Fig. 3 should ensure that the chosen temperature does infringe ground clearance, especially when the annealing is as high as in Fig. 3(d) . For example, if after line sagging is calculated and it was determined the conductor can only operate at 180 • C safely, then the conductor temperature beyond this value should never be considered. Nonetheless, understanding the risk of operating beyond 180 • C provides additional options to system operator should the room for line clearance is increased due to different operating environment or changes in the existing environment.
B. EFFECTS OF CONDUCTOR TEMPERATURE ON LINE AMPACITY
This section investigates the effects of the forecasted wind speeds at the 1st and 5th hours on line ampacity based on the same range of conductor temperature limit in Fig. 3 . The result is provided in Fig. 4 .
The figure shows that the line ampacity at the 5th hour is initially lower than that at the 1st hour until the conductor temperature limit of 165 • C is reached. This result is reasonable because the average forecasted wind speed at the 1st hour is higher than that at the 5th hour, which results in more cooling effect, which subsequently leads to higher line ampacity. Although higher conductor temperature also produces higher line ampacity, its value at the 5th hour is still lower than the ampacity value at the 1st hour due to the greater cooling effects of the higher forecasted wind speed. However, the situation is reversed when temperature limit is extended beyond 165 • C. Above this point, the allowable conductor temperatures have unlocked sufficient line ampacity to finally surpass the ampacity at the 1st hour despite its higher cooling effect. Consequently, line ampacity beyond 165 • C at the 5th hour is higher than that at the 1st hour.
Hence, depending on the requirement of the line for transporting load demand, the conductor temperature limit can be raised momentarily to meet higher line ampacity although the forecasted wind speed is not as desirable as exemplified by the 5th hour condition. However, the operation risk of the conductor must be assessed and checked firstly, such that the risk is within the admissible risk requirement.
C. SENSITIVITY ANALYSIS
The results in Section III.A were determined on the basis of A = 32, B = 158 and a 50-year-old Drake conductor. Only these parameters vary depending on the conductor operation statistics (A and B) and the degree of conductor ageing, all of which were user's input. Their effects on the risk value are studied in this section. Only the sensitivity of the risk values of the 1 h operation in Fig. 3(c) is explored because a similar investigation can also be applied to the other risk values in Figs. 3(c) and 3(f) .
Firstly, the parameter values of A and B are increased and decreased by 5% up to 10%. Then, the risk values are calculated, and the results are shown in Fig. 5 . The results indicate that changes in risk values are nearly directly proportional to the changes in parameters. This finding indicates that the trend at which the risk values change as conductor temperature limit is increased is unaffected. The use of parameters with either lower or higher values only affects the numerical results but not the behavior of the risk value. Therefore, the results validate the earlier discussion in Section II.D that the assumptions used in this study to determine the values of A and B do not affect the proposed risk management methodology.
Subsequently, conductor age is also varied from its original 50 years by increasing and reducing its age by 10 years until 20 years. The results are presented in Fig 6. The figure shows that as conductor age is increased from 50 years to 60 years, the risk value increases by approximately 36% and 74% when age is increased further to 70 years. Conversely, when conductor age is reduced to 40 years and 30 years, its risk value is decreased by approximately 32% and 60%, respectively. The risk value appears to increase more than the reduction although the steps used to increase and reduce conductor age are the same. This result also shows that the line fails considerably more often as it ages, and further reducing the risk of a fairly new conductor by replacing it with an even newer one is difficult. The new line replacement option is not only expensive, but reducing risk by operating the conductor at a lower temperature is also easier. The results in Fig. 6 also indicate that conductor age exerts a significant impact on its operation risk and should be considered when assessing its operation risk, as suggested in the line risk management framework proposed in this study.
IV. CONCLUSION
This study presents a risk-based management framework for overhead transmission lines equipped with the DTR system. Given that the DTR system elevates the operating temperature of the conductor, and subsequently, its ampacity, the proposed framework provides a solution to effectively quantify the risk associated with higher operating temperatures. The risk is reported in monetary form, and therefore, has an intuitive physical meaning for transmission line owners. Thus, the proposed framework can be easily used to manoeuver around budgetary constraint, i.e. the admissible risk, which can be achieved by reducing either the operating temperature of the conductor or the applied duration of the temperature. The risk framework is also unique and holistic because it considers the actual physical properties and ageing of the conductor in the formulation of the line tensile strength and failure probability models. The results show that the proposed framework is effective in identifying the risks associated with conductor operating temperature and a multitude of solutions that can be used to mitigate the risk. Analyses of the sensitivity of the framework to the variations of some of its parameters indicate that the framework is robust, such that the variations only affect its numerical results.
The calculation of risk in practical application is most likely needed to be in real-time to be useful. However, the booming of smart grid network, as well as its data communication infrastructure being confronted with the high amount of data boosted by faster sensors is the performance bottleneck for real-time risk estimation. Hence, as a future work, the proposed event-triggered methods based on the nonlinear or particle filter, along with the consideration of uncertainty factors, should be incorporated to efficiently relieve the communication burden and achieve an appropriate estimation accuracy [51] - [53] .
